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Motivation
Network-based models for sexually transmitted disease transmission
rely on initial partnership networks incorporating key structures that
may be related to risk of infection for various subpopulations.
How can statistical models be used to infer key network
characteristics to be used in network-based simulations of
sexually transmitted disease transmission?
Motivation
Important network structures include (but are not limited to):
concurrency (i.e. partnerships overlapping in time)
Concurrency =) Level of connectivity of individuals
=) Speed of transmission between
individuals
We consider the momentary degree distribution as a measure
of concurrency over common point estimators (e.g. point
prevalence of concurrency).
attribute-based selective mixing (i.e. tendencies for specific
subpopulations to come into contact with each other)
Selective mixing =) Level of connectivity of subpopulations
=) Speed of transmission between
subpopulations
Incorporating Concurrency and Selective Mixing in Models
Most disease modeling studies use a single measure of
concurrency for both males and females in generating an initial
partnership network and assume the same composition of
males and females.
Our method allows for different levels of concurrency and
population compositions, not only for males and females but
also stratified by attribute (e.g. age, race).
Modeling approaches attempting to incorporate both
concurrency and selective mixing either:
assume random or symmetric assortative mixing or
rectify inconsistencies between concurrency and selective
mixing for male and female reports in an ad hoc manner.
Our method provides a rigorous framework to produce
population-based estimates of concurrency and selective
mixing simultaneously and generate initial networks consistent
with these estimates.
Assumptions
1 Cross-sectional (or egocentric) survey of heterosexual
partnerships.
Transmission dynamics are different for heterosexual and
homosexual partnerships, and the focus here is strictly on
heterosexual partnerships.
2 Males and females report certain attributes for each
heterosexual partner (e.g. age, race), but partners are
otherwise anonymous.
This means that only dyad-independent information is
available (i.e. individual and dyad-level information pertaining
to respondent and partners but not partners of partners).
Our method generates networks from the sample space of
networks consistent in expectation with estimated
concurrency and selective mixing totals for the population.
However, it allows for additional constraints to be imposed for
dyad-dependent structures, such as 4-cycles or 3-paths.
Modeling Concurrency and Selective Mixing
Cross-sectional heterosexual partnership data
Estimate degree distributions and mixing totals
Estimate canonical parameters for an
exponential-family random graph model (ERGM)
Simulate network(s) consistent with ERGM
Cross-Sectional Heterosexual Partnership Data (Add Health)
Heterosexual partnerships roster:
“The next part of the interview is concerned with any romantic
relationships and sexual relationships you have had at any time
since the summer of 1995. . .. Please list only the first name,
initials, or a nickname of your partner in each such
relationship.”
“Please indicate whether {INITIALS} is male or female.”
Concurrency:
“Are you currently involved in a sexual or romantic relationship
with {INITIALS}?”
“Have you had sexual relations with {INITIALS}?”
Attribute-based selective mixing:
“How many years [older/ younger] than you is {INITIALS}?”
“Please indicate the race of {INITIALS}.”


















for types i = 1, 2, . . . , I and j = 1, 2, . . . , J.
Population mixing totals:
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Assessing the Consistency of Male and Female Reports
Admiraal, R. and Handcock, M.S. (2015). A log-linear
modeling approach to assessing the consistency of ego
reports of dyadic outcomes with applications to fertility
and sexual partnerships, Journal of the Royal Statistical
Society, Series A: Statistics and Society 178(2):363–382.
doi:10.1111/rssa.12067
Log-linear models applied to mixing matrices for male and
female reports to identify where significant differences exist in
reports of shared events (e.g. sexual partnerships) as collected
through cross-sectional samples.
Constraining Estimates When Differences Exist
Rendall, M.S., Admiraal, R., DeRose, A., DiGiulio, P.,
Handcock, M.S., and Racioppi, F. (2008). Population
constraints on pooled surveys in demographic hazard
modeling, Statistical Methods and Applications 17(4):519–
539.
Constrained maximum likelihood estimation to improve
estimates by using population totals or estimates from one set
of reports as constraints.
Estimate Degree Distributions and Mixing Totals
Degree distributions:
 

























, . . . ,mI and f1, f2, . . . , fJ .
Mixing Totals:
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Estimated using constrained maximum likelihood estimation
applied to a likelihood given by the product of probability
distributions and a series of additional consistency constraints.
Estimate Canonical (or Natural) Parameters for an ERGM
1 Estimated degree distributions and mixing totals can be
specified as mean value parameters (i.e. expected values of the
sufficient statistics) for the ERGM
P (Y = y | ✓) = exp (✓ · g(y))
(✓)
y is a realization of some random network Y .
g(y) is a vector of sufficient statistics.
✓ is the vector of corresponding canonical parameters.
(✓) is a normalizing constant.
2 The method of estimating canonical parameters ✓ for an
ERGM using mean value parameters builds off the results of
Barndorff-Nielsen (1978) using standard root-finding
algorithms (Newton-Raphson).
O.E. Barndorff-Nielsen (1978). Information and Exponential
Families in Statistical Theory. Wiley, New York.
Simulate Network(s) Consistent with ERGM
We consider the specific ERGM given by























( M,  F , ⌫)
DMik (y) is the number of males of type i with momentary
degree k , DFj` (y) is the number of females of type j with
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are the corresponding canonical
parameters.
Nij(y) is the number of partnerships between males of type i
and females of type j , and ⌫ = {⌫
11
, . . . , ⌫IJ} are the
corresponding canonical parameters.
Networks can be generated using MCMC.
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